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Abstract 4 
 Parks and protected areas provide a wide range of benefits, but methods to evaluate 5 
their importance to society are often ad hoc and limited. In this study, the quality of 6 
crowdsourced information from Public Participation GIS (PPGIS) and Volunteered 7 
Geographic Information (VGI) sources (Flickr, OpenStreetMap (OSM), and Wikipedia) was 8 
compared with visitor counts that are presumed to reflect social importance. Using the state 9 
of Victoria, Australia as a case study, secondary crowdsourced VGI data, primary 10 
crowdsourced (PPGIS data) and visitor statistics were examined for their correspondence and 11 
differences, and to identify spatial patterns in park popularity. Data completeness—the 12 
percent of protected areas with data—varied between sources, being highest for OSM (90%), 13 
followed by Flickr (41%), PPGIS (24%), visitation counts (5%), and Wikipedia articles (4%). 14 
Statistically significant correlations were found between all five measures of popularity for 15 
protected areas. Using stepwise multiple linear regression, the explained variability in visitor 16 
numbers was greater than 70%, with PPGIS, Flickr and OSM having the largest standardized 17 
coefficients. The social importance of protected areas varied as a function of accessibility and 18 
the types of values (direct or indirect use) expressed for the areas. Crowdsourced data may 19 
provide an alternative to visitor counts for assessing protected area social importance and 20 
spatial variability of visitation. However, crowdsourced data appears to be an unreliable 21 
proxy for the full range of values and importance of protected areas, especially for non-use 22 
values such as biological conservation. 23 
 24 
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 27 
1. Introduction 28 
The advent and combination of several technologies, namely the global positioning system 29 
(GPS), the internet, Google Maps, smartphones and social media, have transformed the ways 30 
we generate, consume and interact with geographic information (Goodchild, 2007; Haklay et 31 
al., 2008). In the world of Web 2.0, where citizens can be seen as sensors (as termed by 32 
Goodchild, 2007), and where people voluntarily contribute geographic data, either knowingly 33 
or unknowingly, new avenues open for spatial research. Whereas in the past, most geographic 34 
information and maps were generated by governments, non-governmental organizations, and 35 
major companies, in the recent decade the sharing of volunteered geographic information 36 
(VGI; Fast & Rinner, 2014) is rising, and concerns are being raised about its credibility (e.g., 37 
Flanagin and Metzger, 2008; Spielman, 2014). The quality of user-generated or 38 
crowdsourced data is an obvious challenge when using big (geo) data, which is characterized 39 
by volume, velocity, and variety (Goodchild, 2013).  40 
 Volunteered geographic information (Gooodchild, 2007) is a form of crowdsourcing 41 
(Howe, 2006) where ideas or content are solicited for a certain project, from a large group of 42 
people, especially from an online community, with enabling technical infrastructure including 43 
hardware, software, and the Geoweb – online location-based services (Fast & Rinner, 2014). 44 
Public participation GIS (PPGIS) is a term that originated in 1996 to describe how GIS 45 
technology could support public participation processes (NCGIA 1996a, 1996b). Although 46 
the term crowdsourcing did not originate until a decade later, PPGIS methods that collect 47 
spatial data from a large group of people for public participation are considered a type of 48 
crowdsourcing (Brown, 2015). The related fields of VGI and PPGIS, as forms of 49 
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crowdsourcing for geographic knowledge production, usually differ in their sampling and 50 
mapping methods, and both have experienced significant growth as evidenced in the number 51 
of real-world applications and academic publications (Brown and Kyttä, 2014; Mukherjee, 52 
2015; Sui et al., 2012).  53 
While the majority of the examples of VGI mapping have been for land cover 54 
mapping (e.g., roads, land use), crowdsourced data can also offer original insights as 55 
preferences for geographic locations (Lechner et al., 2014, Brown, 2015). Locational 56 
information can be manually entered (Gao et al., 2014) or extracted from devices such as 57 
smartphones (Shoval, 2007; Birenboim and Shoval, 2016). Associations with places can be 58 
identified through geotagged photos (e.g., Li et al., 2009), along with methods that analyze 59 
and classify the images (e.g., Yanai et al., 2009). Wikipedia articles offer a wide array of 60 
options for investigating cultural values associated with sites using quantitative text analysis 61 
(as done by Michel et al., 2011 for millions of scanned books, or by Yasseri et al., 2014 for 62 
millions of Wikipedia articles), as well as by examining the edits to Wikipedia articles 63 
(Hardy et al., 2012; Graham et al., 2014). The density of OpenStreetMap (OSM) edits has 64 
been shown to be highly correlated with socioeconomic status of inhabitants (Haklay 2010).  65 
Addressing uncertainty associated with crowdsourced data quality such as completeness 66 
and accuracy is critical to ensure the reliability of geographic analyses (Devillers & 67 
Jeansoulin 2010; Shi 2010; Comber et al., 2013). For VGI data, mutually reinforcing 68 
observations, independently derived from different user-generated sources, can serve as a 69 
method of data triangulation (Denzin, 2006) to test the correspondence between and 70 
completeness of crowdsourcing information. Indeed, integrating multi-sourced volunteered 71 
geographic data has been suggested as an approach for enriching the information available 72 
and overcoming some of the limitations associated with a single source of user generated data 73 
(Sester et al., 2014).  74 
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In this paper, our aim is to compare user-generated information from several sources 75 
with official observations to determine the degree to which different Web 2.0 sources 76 
correspond and complement each other. The specific theme pursued here is the 77 
importance of protected areas as perceived by the public. A protected area is a clearly 78 
defined geographical space, recognised, dedicated and managed, through legal or other 79 
effective means, to achieve the long-term conservation of nature with associated 80 
ecosystem services and cultural values (Dudley, 2008). While protected areas  may be 81 
highly important for their ecological or biological features, of which the public may not 82 
be fully aware, our aim is to examine a range of social values associated with protected 83 
areas. Because park visitation is a volitional human behaviour, there is clearly personal 84 
and social importance (from benefits) associated with visitation activity or people would 85 
not visit protected areas.  Further, protected area funding (an indirect measure of 86 
importance) is often linked to visitation. Thus, the social value of protected areas can be 87 
assessed in multiple ways ranging from visitation, a type of popularity measure, to the 88 
assessment of specific place values (e.g., scenery, recreation) that people associate with 89 
protected areas from crowdsourced methods. In this study we have assessed social value 90 
using PPGIS data which accounts for both direct and indirect, and use and non-use 91 
values. 92 
Official statistics concerning visitors’ numbers can represent a real world reference 93 
for the popularity of protected areas; however, visitation statistics are missing for most 94 
protected areas globally (Eagles, 2002), and even when visitation statistics are available, 95 
additional information on what people actually do during their visit is often lacking 96 
(Buckley et al., 2008). Recently there have been studies whose aim was to predict 97 
visitation rates using statistical modeling to estimate the economic value generated by 98 
protected areas (Balmford et al., 2015), to quantify human presence in protected areas 99 
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using crowdsourced and remote-sensing data (Levin et al., 2015), and to assess the potential 100 
attractiveness of protected areas based on the species which are present in them using the 101 
Flickr photo-sharing website (Willemen et al., 2015). PPGIS and VGI methods have been 102 
used to identify both use and non-use values in protected areas in multiple global settings 103 
including the U.S. (Brown and Alessa, 2005; Brown et al., 2014a; Van Riper and Kyle, 104 
2014), Canada (Beverly et al., 2008), and Australia (Van Riper et al., 2012; Brown et al., 105 
2014b).  106 
In this study, place values identified with a range of primary crowdsourced data (PPGIS) 107 
are compared to secondary crowdsourced VGI data (Flickr counts, Wikipedia edits, OSM 108 
edits), and to visitation statistics. Using the state of Victoria, Australia as a case study the 109 
following research questions were asked: (1) how strongly correlated are the various sources 110 
of crowdsourced data and visitation statistics and do they provide similar or different 111 
information, (2) does the type of protected area (e.g., national versus metropolitan park) 112 
influence the utility of crowdsourced information, (3) which categories of perceived protected 113 
area values (e.g., recreation, scenic, biological) are best represented in crowdsourced data, 114 
and (4) can crowded-sourced data be used to build a robust, predictive model of protected 115 
area visitation? In addition, the influence of parks’ accessibility from populated areas on their 116 
crowdsourced information was assessed using artificial night-light data. We conclude the 117 
article by discussing the potential of crowdsourced data for assessing protected area 118 
importance from the perspective of spatial data quality. 119 
 120 
2. Methods 121 
2.1 Study area 122 
 This study covered the state of Victoria, the sixth largest state or territory in Australia 123 
with an area of 237,629 km² and an estimated population of 5,768,600 (Australian Bureau of 124 
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Statistics, 2013). Most of Victoria’s population is concentrated near the capital city of 125 
Melbourne, Australia's second-largest city. About 35% of Victoria is public land estate 126 
(“Crown” lands), including state managed national parks, state forests, federally managed 127 
commonwealth lands, metropolitan and regional parks, and specialized reserves for the 128 
protection of historic and cultural resources. Parks and conservation reserves make up about 129 
50% of all Crown land while state forests comprise about 40% (DEPI, 2013). 130 
 131 
2.2 Data sets 132 
 We used a polygon layer of protected areas in Victoria from the public land 133 
classification geodatabase (PLMGEN) maintained by the Victorian Department of 134 
Environment and Primary Industries (DEPI). The protected area dataset included 36 protected 135 
area types (Table S1). A spatial buffer of 1 km was calculated for each of the protected areas 136 
to account for edge effects and to capture nearby areas when intersecting this layer with 137 
crowdsourcing layers with lower spatial precision. The popularity and perceived importance 138 
of these protected areas was examined using the following sources (Table 1): Visitation, 139 
PPGIS, Flickr, Wikipedia and OpenStreetMap. 140 
 The mean and maximum values of artificial night-lights as of May 2014 were mapped 141 
within each protected area using the Suomi National Polar-Orbiting Partnership (NPP) 142 
Visible Infrared Imaging Radiometer Suite (VIIRS) (available from 143 
http://ngdc.noaa.gov/eog/viirs/download_monthly.html, accessed January 26th, 2016) as an 144 
indicator of human activity such as population centers and industrial activity (Zhang et al., 145 
2015; Román and Stokes, 2015). VIIRS Day/Night Band acquires visible light at night-time 146 
hours at a spatial resolution of 0.75 km (Miller et al., 2013) with radiance values provided in 147 
nanoWatts/cm2/sr.  148 
  149 
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2.3 Analyses 150 
 For each of the protected areas, we identified the number of observations where 151 
crowdsourced data were available as a measure of data completeness. Data completeness 152 
refers to the presence/absence of feature entities as well as to the attributes associated with 153 
the feature entities (Veregin, 1999).  Completeness can thus be determined by comparison of 154 
actual entities/attributes to the abstract or theoretical set of all feature objects or attributes of 155 
interest.  Data was aggregated and analyzed by protected area type, in addition to the analysis 156 
at the level of individual protected areas. 157 
As a surrogate for the accessibility of protected areas from Victoria's largest city, the 158 
mean distance of all grid cells within each of the protected areas was calculated from the 159 
brightest grid cell in Melbourne, Victoria. The urban system of Australia is very centralized, 160 
with just a small number (five) of cities which are very large (Pumain & Moriconi-Ebrard, 161 
1997) including the capital city of Melbourne that contains 76% of the state’s population 162 
(Australian Bureau of Statistics, 2016). In addition, Australian cities are spread out with most 163 
suburbs comprising low-density development (Black, 1996). Therefore, the CBD of 164 
Melbourne, whose location was determined here based on its night-time brightness, can serve 165 
as a good measure for identifying the population center of the State of Victoria. 166 
Spearman rank correlations (RS) were calculated in XLSTAT (2015, Addinsoft ®) to 167 
quantify and test the significance of the correspondence between the variables of visitation, 168 
PPGIS, Flickr, Wikipedia, OSM, VIIRS night lights, and distance from the brightest grid cell 169 
in Melbourne. Correlations were examined for both raw values (e.g., number of Flickr 170 
photos) and standardized values as determined by dividing the raw values by protected area 171 
size (e.g., number of Flickr photos/km2). Finally, stepwise multiple regression models were 172 
run using XLSTAT (2015, Addinsoft ®) to assess the potential for VGI variables to be used 173 
as proxies for estimating visitor counts to protected areas. The probability for entry into the 174 
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stepwise regression model was set as 0.05, and the probability for removal from the 175 
stepwise regression model was set as 0.1 (these are commonly used default values; 176 
Colman and Pulford, 2011). Models were run with and without log transforming the 177 
variables, and using both raw and standardized counts by protected area size. 178 
 179 
3. Results 180 
3.1 Crowdsourcing information by type of protected area (n = 36) 181 
 Overall in our dataset, there were 3072 protected areas with a total area of 87,733 km2 182 
and a median area of 6.6 km2, consisting of 36 different types of protected areas. National 183 
parks comprised 45.2% of the total area (but just 1.5% of the total number of protected 184 
areas), and bushland reserves comprised 11.4% of the total area (but 47.3% of the total 185 
number of protected areas) (Table S1). Out of the 3072 protected areas, VGI data was 186 
available at varying degrees of completeness for analysis: OSM (n=2774 protected areas), 187 
Flickr photos (n=1264 protected areas), PPGIS (n=749 protected areas), formal visitation 188 
statistics (n=163 protected areas for which there was a match between the protected areas GIS 189 
dataset and the names of protected areas given by Parks Victoria, 2011) and Wikipedia 190 
articles (n=127 protected areas) (Figure 1; Table S1). The most abundant crowdsourced 191 
information by protected area type was for National Parks and Metropolitan Parks (Table S2). 192 
Most of the visitors (32.4 million according to available official visitation data) were in 193 
National Parks (46.9%) and Metropolitan Parks (31.3%). Most of the PPGIS place value 194 
points (26,100) were mapped in National Parks (50.4%) and Metropolitan Parks (12.2%). 195 
Most of the Flickr photos (589,944) were identified in Port and Coastal Facilities (35%), 196 
Metropolitan Parks (25.2%), and National Parks (13.1%). Most edits of Wikipedia articles 197 
(6,966) were related to National Parks (47.7%) and State Parks (13.7%). Most vertices within 198 
Page 9 of 38 
 
OSM data (742,968) were found in Metropolitan Parks (17.9%), National Parks (15.9%), and 199 
Bushland Reserves (15.8%) (Table S2). 200 
An examination of the correspondence between crowdsourcing data by protected area 201 
type (n = 36) showed that the variables of PPGIS, Flickr and OSM were highly correlated and 202 
significant (Rs ≥ 0.9; Table 2). Official visitation statistics were significantly correlated with 203 
all crowdsourcing variables; however, Wikipedia was not significantly correlated with the 204 
other three crowdsourcing data types (Table 2). Similar patterns emerged when examining 205 
the total numbers of crowdsourced data (e.g., the total number of Flickr photos within a 206 
certain type of protected areas, not the number of protected areas of a certain type with Flickr 207 
photos) with Wikipedia being the crowdsourcing data type least correlated with other 208 
crowdsourcing information types (Table3). 209 
 210 
3.2 Crowdsourcing information analyzed for individual protected areas (n = 3072) 211 
 Statistically significant correlations were found between all data sources for protected 212 
areas, either when examined with raw numbers (Table 4) or when normalized by area (Table 213 
5). The statistical correlations between official visitation statistics and the four crowdsourcing 214 
variables were higher after normalizing by area and excluding protected areas without data 215 
(Table 5). Statistical correlations between visitor counts and the four VGI variables varied as 216 
a function of the type of protected area (Table 6); correlations were larger and statistically 217 
significant between all variables for National Parks and statistically significant between three 218 
variables for State Parks (Table 6). The correlations with metropolitan and reservoir parks 219 
were smaller (less than 0.5) and non-significant (Table 6). 220 
Using raw counts to map the popularity of Victoria’s protected areas, clear spatial 221 
patterns were not obvious (Figure 1). However, after normalizing the five VGI measures by 222 
protected area size, a clear pattern emerged, with protected areas that were closer to 223 
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Melbourne (the capital of Victoria, and home to 74% of Victoria's population) being 224 
more popular (Figure 2; Melbourne is the large bright area in the bottom-center of Figure 225 
2f). Indeed, statistically significant correlations were found showing that protected areas 226 
further away from Melbourne were less popular (Table 7), and protected areas which 227 
were brighter (i.e., near artificial night-light sources) were more popular (Table 7). When 228 
analyzing the percent of PPGIS value points within protected areas by the types of values 229 
mapped, protected areas were more popular (i.e., more visited, having more Flickr 230 
photos, more OSM vertices and more Wikipedia article edits) if they were perceived as 231 
providing direct use values as identified in PPGIS (therapeutic/health, scenic/aesthetic, 232 
recreation, learning/education/research, heritage/culture), whereas protected areas which 233 
were perceived as providing indirect use values (wilderness/pristine, intrinsic/existence, 234 
biological/conservation) were less popular (Figure 3). 235 
In the stepwise multiple regression models, the explanatory power of the 236 
crowdsourced variables for predicting visitor counts was high, ranging between 0.48 to 237 
0.79 (Table 8; Figure 4). Out of the 10 models tested, the crowdsourced variable most 238 
frequently included in the model was Wikipedia (10), followed by PPGIS (7), OSM (7), 239 
and Flickr (6) (Table 8). The crowdsourced variable which consistently had the largest 240 
standardized coefficient was PPGIS (4; between 0.38-0.56), followed by OSM (4; 0.48), 241 
and Flickr (2; 0.62) (Table 8). When including the percent of PPGIS value points within 242 
protected areas by the type of values mapped, only two PPGIS values were significant: 243 
recreation values showing a positive relationship to visitation, and wilderness values 244 
showing a negative relationship to visitation (Table 8). When constructing a regression 245 
model with PPGIS values alone, six out of eight PPGIS values entered the model, with 246 
intrinsic and wilderness values showing a negative relationship to visitation (Table 8). 247 
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However, in the model with the largest adjusted R2 (0.79), none of the PPGIS values entered 248 
the stepwise regression model (Table 8). 249 
 250 
4. Discussion 251 
 Our study found strong and significant correlations between all crowdsourced data 252 
and visitation statistics, demonstrating the potential to use crowdsourced data to characterize 253 
the social and perceived importance of protected areas and as a proxy for visitation statistics. 254 
However, there were differences in the strength of correlations, data quality, and information 255 
characterized by the different types of crowdsourced data. These differences can be attributed 256 
to the range of methods for deriving the data, from social survey methods using PPGIS to 257 
geotagged Flickr “big data” as proxies of public preferences. These differences and the 258 
advantages and disadvantages of the crowdsourced data tested in this study are summarized 259 
in Table 9.  260 
 Strength of correlation between crowdsourced data and visitation. Our results 261 
suggest that a wide range of crowdsourced data can potentially be used as a surrogate for 262 
visitation statistics. While previous studies have shown that Flickr photo density are 263 
correlated with visitation statistics (e.g., Wood et al., 2013; Levin et al., 2015), this is the first 264 
study to demonstrate the potential utility of OSM and Wikipedia crowdsourced data for this 265 
task. However, Wikipedia generally had lower correlations with other crowdsourced data and 266 
visitation statistics suggesting lower suitability for this purpose. The patterns of spatial 267 
distribution of visitation and crowdsourced data were also similar with protected areas closer 268 
to Melbourne and populated areas showing larger counts.  269 
The relatively high correlations and reasonably strong, predictive models from 270 
crowdsourced data suggest their potential utility for assessing protected area visitation. 271 
However, these findings must be tempered by data limitations, the most important being the 272 
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completeness of crowdsourced data (Balmford et al., 2015). The coverage of 273 
crowdsourced data across Victoria was spotty, with coverage diminishing as a 274 
function of distance from Melbourne, the primary population center. For example, 275 
Flickr data was available for less than half of the protected areas in the study area and 276 
for most protected areas, no PPGIS place values were mapped. 277 
 In this study, the visitation statistics were assumed to be accurate and reliable, 278 
but obtaining and accurately quantifying visitation is more challenging than it may 279 
appear. As noted by Buckley (2009), few countries have accurate visitor numbers, 280 
reliable counts require continuously staffed access roads with no other entry, 281 
automated counters are expensive and inaccurate, and visitation numbers can vary 282 
daily by orders of magnitude making the comparison of single-day counts unreliable. 283 
 Utility of crowdsourced information by protected area type (e.g., national versus 284 
metropolitan parks). Crowdsourced data was most complete for national parks that attract 285 
greater crowdsourcing effort by virtue of their size, status, and familiarity, and more limited 286 
for state, and especially metropolitan parks. Indeed, using multiple evaluation criteria, 287 
national parks in Victoria were rated higher than state parks (Deng et al., 2002). Thus, the 288 
potential utility of crowdsourced data for identifying protected area importance appears 289 
highest for popular national parks, and lower for state and metropolitan parks. Visitation to 290 
national and state parks was significantly correlated with crowdsourced variables, but 291 
metropolitan parks were not significantly correlated despite some metropolitan parks being 292 
among the most visited. While crowdsourced data is often evaluated for its potential use in 293 
data poor regions, in the case of protected areas, crowdsourced data would appear to be more 294 
useful for protected areas that are likely to be more data rich, in this case, national parks.  295 
Types of protected area values (e.g., recreation, scenic, biological) best 296 
represented in crowdsourced data. The strong correlations between crowdsourced 297 
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data and visitation statistics suggest crowdsourced data may provide proxies for assessing 298 
direct use values associated with protected areas such as the enjoyment of scenery, recreation, 299 
learning opportunities, appreciation of history and culture, and therapeutic benefits. These 300 
findings are similar to other studies showing that perceived public land values associated with 301 
direct uses (e.g., recreation) tend to be located closer to populated areas than non-use values 302 
(Brown, et al., 2002; Brown et al., 2014b). Indirect-use values (biological conservation and 303 
wilderness) and non-use values (intrinsic/existence) were found to be negatively correlated 304 
with crowdsourced data and thus non-PPGIS crowdsourced data appear to be an unreliable 305 
proxy for the full range of values and importance associated with protected areas. Given that 306 
many protected areas such as national parks have a dual and potentially conflicting statutory 307 
mandate to provide for both visitor enjoyment (direct use values) and natural and cultural 308 
landscape protection (Brown and Weber, 2011), a distinctive advantage of PPGIS data 309 
collection over other crowdsourcing types is the capacity to assess non-use values of 310 
protected areas, which in some cases, may exceed the value of direct-use values. Our analysis 311 
also showed that the type of protected area, which partly reflect these dual use values (e.g., 312 
national versus metropolitan parks), affect the strength of correlations. However, this analysis 313 
is confounded by the low sample size associated with some categories of protected areas 314 
(e.g., metropolitan parks). Whereas previous PPGIS research assessed landscape values to 315 
identify potential biophysical correlates with place values, this research examined whether 316 
behavioural variables associated with place (i.e., park visitation, VGI contributions about 317 
place) were also related to mapped landscape values in PPGIS. 318 
 Crowdsourced data as a predictor of protected area visitation. While the predictive 319 
model of visitation statistics had large R2 values, the explanatory power of crowdsourced 320 
variables identified by the model varied when using either raw or normalized data (log and 321 
area). The differences in the models are related to the distribution of data values which 322 
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included a small number of very popular parks (mainly national parks). Log transforming or 323 
normalizing the data by area reduces the influence of these parks with larger visitor counts on 324 
correlations. 325 
 Crowdsourcing data quality considerations. Most of the research on the 326 
quality/credibility of VGI have focused on either accuracy in the traditional GIS land cover 327 
mapping data quality sense (Haklay, 2010; Foody et al., 2013) or credibility-as-perception, 328 
where VGI data is evaluated in terms of the expertise and perspectives of the volunteers 329 
(Flanagin and Metzger, 2008; Spielman, 2014). The use of VGI data in this study represents a 330 
departure from the original intention of crowdsourcing for accessing “collective intelligence” 331 
to one of identifying “collective values” or the perceived importance of protected areas. As 332 
noted by Brown et al. (2015), the credibility of crowdsourced data cannot be fully addressed 333 
without reference to the intended purpose and potential use of the spatial data. When 334 
assessing the quality of crowdsourced data for the purpose of measuring the importance of 335 
protected areas, the concepts of sample representativeness and sampling error become 336 
critically important, along with data completeness and spatial accuracy (Devillers & 337 
Jeansoulin 2010; Lechner et al., 2014). 338 
Data from VGI are less structured in comparison to data gathered using PPGIS 339 
methods that often use systematic population sampling. Given the non-systematic, 340 
passive sampling that characterizes VGI systems, it is not possible to know the 341 
representativeness of the data collected. In contrast, PPGIS data collection is typically 342 
an active and structured data collection process that seeks to identify place values 343 
using pre-defined survey questions for a given study population. An important 344 
advantage of PPGIS is its foundation in social survey practice where measurement 345 
validity, response bias, and representativeness of data can be addressed (Brown, 346 
2004). PPGIS often involves active data collection in specific projects and thus is 347 
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more expensive to implement (Table 9). Indeed, identifying less expensive correlates of 348 
PPGIS data from VGI was a key motivation for undertaking the analyses in this paper. 349 
The advantage of passive data collection approaches, utilizing big data (OSM and 350 
Flickr), is the ability to collect greater quantities of data, resulting in greater coverage and 351 
thus completeness. Data gathered through VGI reflect a broad range of place-based features 352 
and visitor experiences. The importance of specific place values (e.g., scenery) could 353 
potentially be inferred from VGI data such as Flickr (e.g. Li et al., 2009; Yanai et al., 2009) 354 
and there is also the potential to identify the characteristics of contributors through 355 
conducting content analysis of user contributions. 356 
Spatial precision/resolution was much higher for OSM, Flickr and PPGIS data than 357 
for visitation statistics and Wikipedia. Higher spatial resolution data allows for the 358 
identification of hot-spots of interest within protected areas, including the locations where 359 
people actually visit. In contrast, visitation statistics and Wikipedia provide information at a 360 
coarse spatial scale for the entire protected area. However, using gazetteers (Gao et al., 2014), 361 
the spatial information available within Wikipedia articles can be enhanced to identify 362 
specific locations within protected areas. 363 
A key source of uncertainty common to all crowdsourced methods is collection bias, 364 
where accessibility, proximity, and familiarity strongly influence what people contribute to 365 
crowdsourced databases. The natural tendency for individuals to engage in geographic or 366 
spatial discounting (mapping attributes closer to home), in combination with the uneven 367 
spatial distribution of human settlements, will necessarily result in clustered and non-uniform 368 
crowdsourced data vis-à-vis protected areas. Although web interfaces allow users to enter 369 
observations anywhere in the world, the amount of user-contributed data in all cases (PPGIS, 370 
OSM and Wikipedia) was biased toward populated areas within the state of Victoria. Indeed, 371 
accessibility is known to be a key factor driving visitation rates (Balmford et al., 2015; Levin 372 
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et al., 2015) while familiarity and proximity are key variables that determine what 373 
people map in PPGIS systems (Brown and Kyttä, 2014), as well as the contributions 374 
to Wikipedia articles (Hardy et al., 2012). Thus, crowdsourcing data for protected 375 
areas will be biased toward direct use values in locations that are proximate, 376 
accessible, and familiar.  377 
 378 
5. Conclusion 379 
 Crowdsourced data through VGI has the potential to provide valuable information on 380 
place values and visitation for conservation planners and protected area managers. OSM and 381 
Flickr, in particular, provide a free, up-to-date, and high spatial and temporal resolution 382 
information source. However, as our analyses revealed, each crowdsourced database has 383 
limitations in terms of spatial data quality and sampling bias. While PPGIS and reported 384 
visitation data provide less ambiguous measures for assessing the importance of protected 385 
areas, VGI data have greater coverage (in particular Flickr and OSM). Validating these data 386 
sources and addressing uncertainty in VGI data represents an important area of future 387 
research that will be necessary before crowdsourced data achieves acceptance for use in 388 
protected area planning and management, and for quantifying and qualifying the 389 
characteristics and values of protected areas. 390 
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Table 1: Sources used for examining the popularity and values associated with protected areas 
Source Description 
Visitation  Official visitation statistics, available for 342 parks from Parks Victoria 
(2011).  
PPGIS Study participants (n=1905) were sampled, recruited, and requested to 
identify place values using markers on a Google Map of Victoria, 
Australia. The place values were a typology of values 
(biological/conservation, heritage/cultural, intrinsic/existence, 
learning/education/research, recreation, scenic/aesthetic, 
therapeutic/health, wilderness/pristine (see Brown et al., 2014b for the 
value definitions). Participants could place as many of the different types 
of markers as needed to identify places values. Place values (also called 
landscape values) are a type of “relationship” or “transactive” value that 
bridges both “held” values (what is personally important) and “assigned” 
values (the relative importance of external objects) (Brown and Weber, 
2012).The number and type of place values were counted within each 
protected area. 
Flickr The total number of georeferenced Flickr photos (between 2004 and 2012) 
within each protected area (further details on this dataset are provided in 
Levin et al., 2015). Flickr is a photo-sharing website, and Flickr photos 
have been shown to be well-correlated with official visitation statistics 
(Wood et al., 2013; Levin et al., 2015). 
Wikipedia The total number of Wikipedia edits which were found for Wikipedia 
articles on protected areas. The numbers of Wikipedia edits were counted 
in October 2015. Most protected areas did not have a Wikipedia article. 
OpenStreetMap The total number of vertices within each protected areas as found in the 
OpenStreetMap roads, tracks, and trails layer provided by Geofabrik 
(http://www.geofabrik.de/data/download.html). OpenStreetMap started in 
2004 and provides a free digital map of the world created collaboratively 
by internet users (Haklay, 2010). The density of vertices within protected 
areas is expected to reflect the physical infrastructure, as well as the 
interest and familiarity in a protected area by the public. Parks with more 
facilities for visitors (e.g., trails, tracks, roads) and which are planned to 
attract more visitors, will likely have more features which can be mapped 
using OSM. Thus, parks with more OSM vertices are an indication of 
more mapped features, but also of greater familiarity and interest by the 
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public in mapping it. In addition, the density of vertices can indicate the 
accuracy (i.e. scale) in which the mapping was done. The number of 
vertices used to digitize a certain feature depends both on the geometric 
complexity of that feature, and also on the levels of generalization and 
simplification used by the person who digitized that feature. Thus, more 
vertices can also indicate more care and details in the mapping process. 
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Table 2. Spearman's rank correlation coefficients between total number of protected areas (N), 
total area and counts of Visitors (official number of visitors), PPGIS (number of PPGIS value 
points), Flickr (number of Flickr photos), OSM (number of OSM vertices) and Wikipedia 
(number of edits to Wikipedia articles), where the observations units are protected area types (n 
= 36; Table S1). In the correlations shown above the diagonal, observations for which no data 
was available were given the value of 0. 
 N Total 
area 
Visitors PPGIS Flickr OSM Wikipedia 
N  0.554** 0.304 0.899*** 0.940*** 0.994*** 0.114 
Total area 0.554**  0.484** 0.653*** 0.586*** 0.543** 0.447** 
Visitors 0.076 0.351  0.556** 0.494** 0.309 0.685*** 
PPGIS 0.894*** 0.625*** 0.318  0.953*** 0.900*** 0.281 
Flickr 0.936*** 0.552** 0.187 0.949***  0.937*** 0.241 
OSM 0.994*** 0.543** 0.091 0.897*** 0.936***  0.102 
Wikipedia -0.252 0.181 0.773*** 0.017 -0.095 -0.263  
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 3. Spearman's rank correlation coefficients between percentage of number of protected 
areas (N), area and total Visitors (official number of visitors), PPGIS (number of PPGIS value 
points), Flickr (number of Flickr photos), OSM (number of OSM vertices) and Wikipedia 
(number of edits to Wikipedia articles), where the observations units are protected area types (n 
= 36; Table S2). In the correlations shown above the diagonal, observations for which no data 
was available were given the value of 0. 
 
 N Total area Visitors PPGIS Flickr OSM Wikipedia 
N  0.554** 0.087 0.353* 0.429* 0.663 0.080 
Total area 0.554**  0.298 0.621 0.532* 0.703 0.345 
Visitors 0.116 0.325  0.774 0.661 0.470** 0.647 
PPGIS 0.370* 0.631 0.732  0.880 0.740 0.525** 
Flickr 0.388* 0.610 0.698 0.912  0.837 0.326 
OSM 0.663 0.703 0.412* 0.771 0.827  0.317 
Wikipedia 0.059 0.245 0.565* 0.503* 0.344 0.226  
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 4. Spearman's rank correlation coefficients between the variables Visitors (official number 
of visitors), PPGIS (number of PPGIS value points), Flickr (number of Flickr photos), OSM 
(number of OSM vertices) and Wikipedia (number of edits to Wikipedia articles), calculated for 
each of the protected areas (n = 3072). In the correlations shown above the diagonal, 
observations for which no data was available were given the value of 0. 
 
 Visitors PPGIS Flickr OSM Wikipedia 
Visitors  0.446*** 0.364*** 0.296*** 0.737*** 
PPGIS 0.623***  0.584*** 0.507*** 0.430*** 
Flickr 0.465*** 0.590***  0.673*** 0.317*** 
OSM 0.569*** 0.559*** 0.679***  0.264*** 
Wikipedia 0.523*** 0.343*** 0.342*** 0.295**  
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 5. Spearman's rank correlation coefficients between the variables of Visitors (official 
number of visitors), PPGIS (number of PPGIS value points), Flickr (number of Flickr photos), 
OSM (number of OSM vertices) and Wikipedia (number of edits to Wikipedia articles) 
calculated for each of the protected areas (n = 3072), normalized by area (dividing the value of 
each variable by the size of the protected area). In the correlations shown above the diagonal, 












Visitors/area  0.410*** 0.302*** 0.150*** 0.728*** 
PPGIS/area 0.744***  0.543*** 0.356*** 0.379*** 
Flickr/area 0.705*** 0.688***  0.607*** 0.241*** 
OSM/area 0.708*** 0.605*** 0.658***  0.077*** 
Wikipedia/area 0.728*** 0.649*** 0.647*** 0.722***  
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 6. Spearman's rank correlation coefficients between the variable of Visitors/area (official 
number of visitors) and the variables of: PPGIS (number of PPGIS value points), Flickr (number 
of Flickr photos), OSM (number of OSM vertices) and Wikipedia (number of edits to Wikipedia 
articles) calculated for each of the protected areas (n = 3072), normalized by area (dividing the 
value of each variable by the size of the protected area). Correlations were calculated only for 
those categories of protected areas where there was data in each of the VGI variables for at least 
seven parks (Table S1). 




- Schedule 2, 
National Parks 
Act 
(n = 39) 




(n = 22) 




(n = 6) 
Marine 
National Park 
- Schedule 7, 
National Parks 
Act 
(n = 5) 
Metropolitan 
Park 
(n = 9) 
Reservoir 
Park 
(n = 6) 
PPGIS/area 0.870*** 0.763*** 0.636* 0.029 0.228 0.429 
Flickr/area 0.882*** 0.639** 0.600 0.571 -0.007 0.071 
OSM/area 0.874*** 0.406 0.791** 0.657 0.179 0.393 
Wikipedia/area 0.668*** 0.732*** 0.029 0.429 0.167 0.143 
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Table 7: Spearman's rank correlation coefficients between the variables Visitors (official number 
of visitors), PPGIS (number of PPGIS value points), Flickr (number of Flickr photos), OSM 
(number of OSM vertices) and Wikipedia (number of edits to Wikipedia articles) calculated for 
each of the protected areas (n = 3072), and the mean brightness (from the VIIRS composite 
image of May 2014) and the distance from the brightest grid cell in the May 2014 image. 
 
 
 Mean brightness, VIIRS 
May 2014 
Distance from brightest 
grid cell 
Visitors 0.179* -0.212** 
PPGIS 0.313*** -0.247*** 
Flickr 0.598*** -0.351*** 
OSM 0.865*** -0.395*** 
Wikipedia 0.227* -0.133 
Visitors/area 0.606*** -0.687*** 
PPGIS/area 0.604*** -0.564*** 
Flickr/area 0.676*** -0.466*** 
OSM/area 0.885*** -0.472*** 
Wikipedia/area 0.581*** -0.625*** 
* p < 0.05, ** p < 0.01, *** p < 0.001 
 
Page 33 of 38 
 
Table 8. Multiple stepwise linear regression models, using VGI variables to predict visitor numbers in protected areas. The number of 
observations in all models was n=102. Models vary by the number of variable used, whether they were log transformed or not, and 
whether they were normalized by area size of the protected areas. The values for each of the independent variables in the table show 
their standardized coefficients in the model (if they entered it). Blank cells represent variables which were not included within a 
multiple regression analysis. Cells with values of 0.000 represent variables which were included in the statistical analysis but did not 































































 Adjusted R2 0.780 0.482 0.788 0.686 0.780 0.571 0.788 0.718 0.780 0.780 0.013 0.637 
 Total PPGIS 0.000 0.379 0.499 0.548 0.000 0.563 0.499 0.538     
 Flickr 0.416 0.000 0.620 0.000 0.416 0.000 0.620 0.000 0.416 0.416   
 OSM 0.485 0.213 -0.282 0.000 0.485 0.000 -0.282 0.000 0.485 0.485   








% Biological     0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
% Heritage     0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
% Intrinsic     0.000 0.000 0.000 0.000 0.000 0.000 0.000 -1.243 
% Learning     0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.498 
% Recreation     0.000 0.226 0.000 0.189 0.000 0.000 0.000 0.697 
% Scenic     0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.102 
% Therapeutic     0.000 0.000 0.000 0.000 0.000 0.000 0.141 0.739 
% Wilderness     0.000 -0.213 0.000 0.000 0.000 0.000 0.000 -1.242 
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Table 9. Summary of data quality and advantages and disadvantages of VGI, PPGIS and visitation variables for characterizing social 
values for protected areas. Each of the variables is denoted whether it can be characterized as “Big Data” (BD), active or passive 
collection method (A, P), structured or unstructured data types (S, US) – see Discussion. 
 






Thematic resolution / 
fidelity 
Completeness 
(% of protected 




(BD, P, S) 
Proxy for protected area 
importance representing 
accessibility 
Vector polylines GPS <10 m or map 
scale 
On-screen digitization 
using satellite images 
90.3 % • Free 
• Spatially explicit 
• High completeness 
• Unclear meaning  
Flickr 
 
(BD, P , S) 
Proxy for protected area 
importance represented 
by actual visits and 
photos uploaded 
Point data  GPS <10 m Observation 41.1 % • Free 
• Spatially and temporally explicit 
• Visitation hotspots 
• Actual visitation 
• Allows for image analysis and 
content analysis of tags 
•  User characteristic analysis (i.e. 
visitor origins) 
• High completeness 
• Unclear meaning  





Place values held by 
sampled individuals and 
groups  
Point data  Mapping scale 
dependent 
Multiple values, special 
places, development 
preferences, activities, or 
any spatial attribute of 
research interest 
24.4 % • Spatially explicit 
• Value hotspots 
• Robust scientific methods e.g. 
sampling design 
• Multiple values (use and non-
use values) 






Proxy for protected area 
importance represented 





Official records 5.3 % • Actual visitation 
• Clear meaning 
• Cost 
• Confounding factors 
– visitor numbers 





(BD, P, US) 






Text 4.1 % • Free 
• Allows for content analysis 
• Unclear meaning  
• Low completeness 
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Figure 1. Spatial patterns of Victoria's protected areas popularity as measured using: a) official 
visitation statistics; b) PPGIS value points; c) Flickr photos; d) OpenStreetMap vertices; and e) 
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Figure 2: Spatial patterns of Victoria's protected areas popularity as measured using: a) official 
visitation statistics per area; b) PPGIS value points per area; c) Flickr photos per area; d) 
OpenStreetMap vertices per area; and e) Wikipedia article edits per area. f) VIIRS May 2014 
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Figure 3. Spearman's rank correlation coefficients for PPGIS place values and counts of 
Wikipedia (number of edits to Wikipedia articles), OSM (number of OSM vertices), Flickr 
(number of Flickr photos) and Visitors (official number of visitors), calculated for each of the 
protected areas, normalized by area (count divided by size of protected area). Statistically 
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Figure 4. Scatter plots showing observed vs. predicted numbers of visitors (before and after log 
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